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Abstract

In recentyearswe have seena tremendougrowth in the volume of text documentsavailable on the Internet,
digital libraries, news sources,and compary-wide intranets. Automatic text cateyorization, which is the task of
assigningext documentdo pre-specifiectlassegtopicsor themes)f documentsis animportanttaskthatcanhelp
both in organizingaswell asin finding information on thesehugeresources.Text categorizationpresentaunique
challengeslueto thelargenumberof attributespresentn the dataset,large numberof trainingsamplesandattribute
dependencies.In this paperwe focus on a simple lineartime centroid-basedlocumentclassificationalgorithm,
that despiteits simplicity and robust performancehasnot beenextensiely studiedand analyzed. Our extensve
experimentsshow thatthis centroid-basedlassifierconsistentlyandsubstantiallyoutperformstheralgorithmssuch
asNaive Bayesiank-nearest-neighborandC4.5,0n awide rangeof datasetsOur analysisshavs thatthe similarity
measuraisedby the centroid-basedchemaeallows it to classifya new documenthasedon how closelyits behaior
matcheghebehaior of the documentdelongingto differentclassesasmeasuredy the averagesimilarity between
the documents.This matchingallows it to dynamicallyadjustfor classeswith differentdensities.Furthermorepur
analysisshawvs thatthe similarity measuref the centroid-basedchemeccountdor dependencielsetweertheterms
in the differentclassesWe believe thatthis featureis thereasorwhy it consistentlyoutperformsotherclassifiergdhat
cannottake thesedependenciemto account.

1 Introduction

We have seematremendougrowth in the volumeof onlinetext documentswvailableonthe Internet,digital libraries,
news sourcesand compary-wide intranets. It hasbeenforecastedhat thesedocumentgwith otherunstructured
data)will becomethe predominantdatatype storedonline [40]. This providesa hugeopportunityto make more

*Thiswork was supportechy NSFCCR-9972519by Army ResearcltOffice contractDA/DAAG55-98-1-0441by the DOE ASCI program,and
by Army High PerformanceComputingResearchCentercontractnumberDAAH04-95-C-0008. Accessto computingfacilities was provided by
AHPCRC,MinnesotaSupercomputelinstitute. Relatedpapersareavailable via WWW at URL: http://www .cs.umn.edu/"kar ypis



effective useof thesecollectionsandthereis a growing needfor tools to dealwith text documents. Automatictext
catgyorization[54, 56, 55, 43, 41, 34, 6, 22, which is the taskof assigningtext documentgo pre-specifiectlasses
(topicsor themespf documentsis animportanttaskthatcanhelppeopleto find informationon thesehugeresources.

Text catgyorizationpresentainiquechallengesiueto the large numberof attributespresenin the dataset, large
numberof trainingsamplesattributedependeng andmulti-modalityof cateyories. This hasledto thedevelopmenbf
avarietyof text cateyorizationalgorithms[31, 22, 25, 2, 55, 26, 19] thataddresshesechallengedo varyingdegrees.
In this paperwe focuson a simple centroid-basedocumentclassificationalgorithmthat hasnot beenextensiely
studiedandanalyzedlespiteits simplicity and,asour experimentshaw, its robustperformance.

In this algorithm,a centroidvectoris computedo representhe document®of eachclass,anda new documenis
assignedo the classthat correspondso its mostsimilar centroidvector as measuredy the cosinefunction. The
computationatompleity of the learningphaseof this algorithmis linearon the numberof documentsandfor each
new documentjts classificationcompleity is linear on the numberof classes.Extensve experimentgpresentedn
Section4 shav that this centroid-basedlassifierconsistentlyand substantiallyoutperformsother algorithmssuch
asNaive Bayesiank-nearest-neighborandC4.5,0n a wide rangeof datasetsThe surprisinglygoodclassification
performancef this schemesuggestshatit utilizesa powerful classificatiormodel.

In this papewe presensuchananalysis. Our analysisshavsthatthesimilarity measureisedby thecentroid-based
schemallowsit to classifya new documenbasedn hawv closelyits behaior matcheghebehaior of thedocuments
belongingto differentclassesasmeasuredy the averagesimilarity betweerthe documents.This matchingallows
it to dynamicallyadijustfor classeswith differentdensities. Our analysis alsshawvs that the similarity measureof
the centroid-basedchemecanaccountfor dependenciebetweenthe termsin the differentclassesWe believe that
this featureof the centroid-basedlassifieris thereasorwhy it consistentlyoutperformghe Naive Bayesiarclassifier
which cannottake thesedependencieisito account.

Thereminderof the paperis organizedasfollows. Section2 providesanovervien of someof the algorithmsthat
have beenusedfor documentateayorization.Section3 describeshecentroid-basedocumentlassificatioralgorithm.
Sectiond experimentallyevaluateghis algorithmon a varietyof datasets.Section5 analyzegheclassificatiormodel
of the centroid-basedlassifierandcomparest againsthoseusedby otheralgorithms. Finally, Section6 provides
directionsfor futureresearch.

2 Previous Work

Thevariousdocumentateyorizationalgorithmsthathave been deelopedover theyears[47, 1, 10, 17, 31, 22, 25, 2,
55, 26, 19 fall undertwo generakateyories.Thefirst catggory containgraditionalmachindearningalgorithmssuch
asdecisiontreesrule sets,instance-basedassifiers probabilisticclassifierssupportvectormachinesetc, thathave
eitherbeenuseddirectly or beingadaptedor usein the context of documentatasets.On theotherhand,thesecond
catgyory containsspecializedtateyorizationalgorithmsdevelopedn the InformationRetrieval community Examples
of suchalgorithmsincluderelevancefeedbacklinear classifiersgeneralizednstancesetclassifiersetc In therestof
this sectionwe briefly describesomeof thesealgorithmsanddiscusgheir meritsfor documentategorization.

k Nearest Neighbor k-nearesneighbor(k-NN) classificationis an instance-baselkarningalgorithmthat has
beenappliedto text cateyorizationsincethe early daysof researcH33, 21, 52, 6], andhasbeenshownn to produce
betterresultswhencomparedagainstothermachinelearningalgorithmssuchas C4.5[39] andRIPPER[5]. In this
classificatiorparadigmk nearesnheighborsof a testdocumentarecomputedirst. Thenthe similaritiesof this doc-
umentto the k nearesineighborsare aggreyatedaccordingto the classof the neighbors,andthe testdocumentis
assignedo the mostsimilar class(as measuredy the aggrgatesimilarity). A major dravbackof the similarity
measuraisedin k-NN is thatit usesall featuresequallyin computingsimilarities. This canleadto poor similarity



measureandclassificatiorerrors,whenonly a small subsebf the wordsis usefulfor classification.To addresghis
problem,a variety of techniquesave been deelopedfor adjustingthe importanceof the varioustermsin a super
visedsetting. Examplesof suchtechniquesncludepresetweightadjustmenusingmutualinformation[11, 49, 48],
RELIEF[23, 24], andvariable-lernelsimilarity metriclearning[32].

C4.5 A decisiontreeis awidely usedclassificationparadigmin machinelearninganddatamining. The decision
treemodelis built by recursvely splitting the training setbasedon a locally optimal criterion until all or mostof the
recordsbelongingto eachof the leaf nodeshearthe sameclasslabel. C4.5[39] is awidely useddecisiontree-based
classificationalgorithm that hasbeenshavn to producegood classificationresults, primarily on low dimensional
datasets. Unfortunately oneof the characteristicef documentatasetsis thatthereis a relatively large numberof
featuresthat characterizeeachclass. Decisiontree basedschemedike C4.5do not work very well in this scenario
dueto overfitting [6, 19]. The overfitting occursbecause¢he numberof sampleds relatively smallwith respecto the
numberof distinguishingwords,which leadsto very largetreeswith limited generalizatiorability.

Naive Bayesian The naive Bayesian(NB) algorithmhasbeenwidely usedfor documentlassificationandhas
beenshavn to producevery goodperformancg28, 29, 27, 34]. For eachdocumentthe nave Bayesianalgorithm
computeghe posteriorprobability thatthe documentelongsto differentclassesandassignst to the classwith the
highestposteriomprobability The posteriomprobability P(ck|d;) of classck given atestdocument]; is computedising
Bayesrule

P(ck) P (di |ck)

P(ckldi) = W, 1)

andd; is assignedo the classwith the highestposteriomprobability, thatis,
Classof dj = arg 12@1{ P(ckld)} = arg 12(2)’(\‘{P(CK)P(di e}, (2)

whereN is thetotal numberof classes.

Thenaive Bayesiaralgorithmmodelseachdocument;, asavectorin thetermspacei.e., di = (di1, di2, . .., dim),
whered;j modelsthe presencer absencef the jth term. Naive Bayesiancomputeshe two quantitiesrequiredin
Equation2 as follows. Theapproximateclasspriors(P(ck)) arecomputediusingthe maximumlik elihoodestimate

Pl P(cxldh)

P(ck) D )

3)
whereD is thesetof trainingdocumentsnd|D| is thenumberof trainingdocumentén D. The P(d;|ck) is computed
by assuminghatwhenconditionedon a particularclassck, the occurrencef a particularvalue ofd;; is statistically
independenof the occurrencef ary othervaluein ary othertermd ;.. Underthis assumptionwe have that

m
Pl = []Pdilcn, 4

j=1

andbecausef this assumptiorthis classifieris called“naive” Bayesian.The computatiorof P(djj |ck) in Equatior4
variesaccordingto the modelchosenfor documentrepresentationTherearetwo popularmodelsfor representing
documentd34]. Thefirst is the multi-variate Bernoulli event modelthat only takesinto accountthe presenceor
absencef a particularterm,anddoesnot accountfor termfrequeng. The secondmodelis the multinomialmodel
thatcapturegheword frequeng information.

Despitethe fact that the independencassumptiorof naive Bayesiandoesnot hold in real documentdatasets,



Naive-Bayesiartlassifierperformsurprisinglywell [54, 56, 27, 34], in practice.DomingosandPazzani[14] provide
an explanationfor the relatively goodperformancef Naive-Bayesiarclassifierg14]. They arguethateventhough
Naive-Bayesiarclassifiersdo not estimatethe underlyingprobability densitiescorrectly they provide goodenough
solutionsin termsof zero-ondoss(misclassificatiomate).

Linear Classifier s Linearclassifierd31] areafamily of text catayorizationlearningalgorithmsthatlearna fea-
tureweightvectorfor every category. TheweightlearningtechniqguesuchasRocchio[42] andWidrow-Hoff algo-
rithm [50] areusedto learnthe featureweight vectorfrom the training samples.Theseweight learningalgorithms
adjustthefeatureweightvectorsuchthatfeaturesor wordsthatcontributesignificantlyto the categorizationhave large
values.A testdocuments determinedo belongto a particularcategoryif the dot productbetweerthetestdocument
andthefeatureweightvectoris greateithana certainthresholdvalue.

Generaliz ed Instance Set Algorithm  GeneralizednstanceSet(GIS) Algorithm [25] is a text categorization
algorithmthat combinesthe advantageof KNN and linear classifiers. The featureweight vector of a category in
linear classifierscanbe regardedas single generalizednstanceof the catagory. This featureweightvectorin effect
summarizeghe entire catgory. In GIS, multiple generalizednstancesre found per catgyory. Eachgeneralized
instancds afeatureweightvectorthatis learnedrom thesetof similartrainingsamplesA testdocuments classified
accordingto the sumof similaritiesto thesegeneralizednstances GIS inheritsexpressie power of kNN by having
multiple featureweight vectorsper category and avoids the problemof kNN by learningfeatureweightsusingthe
weightlearningtechnique®f linearclassifiers.

Suppor t Vector Machines  SupportVector Machines(SVM) is a new learningalgorithm proposedby Vap-

nik [46]. This algorithmwas introducedto solve two-class pattermecognitionproblemusing the StructuralRisk

Minimization principle[46, 7]. Given atrainingsetin avectorspacethis methodfindsthe bestdecisionhyperplane
that separateswo classes.The quality of a decisionhyperplands determinedy the distance(referredas margin)

betweerntwo hyperplaneshatareparallelto the decisionhyperplaneandtouchthe closestdatapointsof eachclass.
Thebestdecisionhyperplands the onewith the maximummaugin. The SVM problemcanbe solvedusingquadratic
programmingechniqueg$46, 7]. SVM extendsits applicability on the linearly non-separabldatasetsby eitherus-

ing soft mamgin hyperplanesor by mappingthe original datavectorsinto a higherdimensionakpacein which the

datapointsarelinearly separable An efficientimplementatiorof SVM andits applicationin text cateyorizationof

Reuters-21578orpusis reportedn [22].

3 Centroid-Based Document Classifier

In the centroid-basedlassificationalgorithm,the documentsarerepresentedsingthe vectorspacemodel[43]. In
this model,eachdocumend is consideredo be a vectorin the term-spaceln its simplestform, eachdocumenis
representedly theterm-frequencyTF) vector di = (tfq, tfo, ..., tf,), wheretf; is thefrequengy of theith termin the
document.A widely usedrefinemento this modelis to weighteachterm basedon its inverse documenfrequency
(IDF) in the documentollection. The motivation behindthis weightingis thattermsappearingrequentlyin mary
documenthave limited discriminationpower, andfor this reasorthey needto be de-emphasizedlhis is commonly
done[43] by multiplying the frequeng of eachtermi by log(N/df;), whereN is the total numberof documentsn
the collection,anddf; is the numberof documentshatcontaintheith term(i.e., documenfrequeng). Thisleadsto
thetf-idf representationf the documenti.e., Ciiar = (tfy log(N/dfy), tfy log(N/dfy), . . ., tf,, log(N/df,,)). Finally, in
orderto accountfor document®f differentlengths the lengthof eachdocumentectoris normalizedsothatit is of
unitlength,i.e., ||atﬁdf||2 = 1. In therestof thepaperwe will assumehatthevectorrepresentatiomﬁ of eachdocument
d hasbeenweightedusingtf-idf andit hasbeennormalizedsothatit is of unit length.



In thevectorspacenodel thesimilarity betweertwo documentsl; andd; is commonlymeasuredisingthecosine
function[43], given by o
_ di - dj

Idi I12 % I1dj Il2”
where"-” denoteghedot-producof thetwo vectors.Sincethedocumentectorsareof unitlength,theabove formula
simplifiesto cos(di, dj) = d; - dj.

Given asetS of documentsandtheir correspondingectorrepresentationsye definethe centroid vector C tobe

cogd;, d)) ®)

o 1 -
Cc=-=-Y4, (6)
Ep
whichis nothingmorethanthevectorobtainedoy averagingheweightsof thevarioustermspresentn thedocuments
of S. Wewill referto the Sasthe supporting set for thecentroidC. Analogouslyto documentsthe similarity between
two centroidvectorsandbetweena documentanda centroidvectorare computedusingthe cosinemeasure.In the
first case,

. Ci-C;
cosCi.Cj) = ———L—, ™
1Cillz * [ICjll2
whereasn theseconctase, .o .
. d-C d-C
cogqd, C) = ®

iz % ICll2— IC]l2
Note that even thoughthe documentvectorsare of lengthone, the centroidvectorswill not necessarilyoe of unit
length.

The ideabehindthe centroid-basedlassificationalgorithmis extremelysimple. For eachsetof documentde-
longingto the sameclass,we computetheir centroidvectors.If therearek classesn thetrainingset, this leadsto k
centroidvectors{(fl, 62, e Ck}, whereeachéi is the centroidfor theith class.The classof a new documenix is
determinedasfollows. Firstwe usethe document-frequencied the varioustermscomputedrom thetraining setto
computethetf-idf weightedvectorspaceepresentationf x, andscaleit soX is of unitlength. Then,we computethe
similarity betweerx to all k centroidsusingthe cosinemeasure Finally, basedon thesesimilarities, we assignx to
theclasscorrespondingo the mostsimilar centroid. Thatis, theclassof x is given by

amg jzrrlﬁ?fk(cos(i, Cj)). 9)

The computationatompleity of the learningphaseof this centroid-basedlassifieris linear on the numberof
documentsandthe numberof termsin the training set. The computationof the vectorspacerepresentationf the
documentscan be easily computedby performingat most three passeghroughthe training set. Similarly, all k
centroidscanbe computedn a single passthroughthe training set, as eachcentroidis computedoy averagingthe
document®f the correspondinglass.Moreover, theamountof time requiredto classifyanew documenik is atmost
O(km), wherem is the numberof termspresenin x. Thus,the overall computationatompleity of this algorithmis
very low, andis identicalto fastdocumentlassifierssuchasNaive Bayesian.

4 Experimental Results

We evaluatedthe performanceof the centroid-basedlassifierby comparingagainstthe nave Bayesian,C4.5,and
k-nearest-neighbarlassifierson a variety of documentcollections. We obtainedthe nave Bayesianresultsusing
the Rainbav [35] software library. Rainbav is a state-of-arimplementationof the Naive Bayesianalgorithm for
text classification34]. Rainbav hasoptionsfor both the multi-variate Bernoulli event modeland the multinomial



eventmodel. Experimentseportedn [34] shav thatthe multinomialeventmodelworksbetterthanthe multi-variate
Bernoullieventmodel,andthis is the modelusedin our experiments.The C4.5resultswereobtainedusinga locally
modifiedversionof the C4.5algorithmcapableof handlingsparsedatasets. Finally, the k-nearest-neighbaesults
wereobtainedby usingthetf-idf vectorspaceepresentationf the documentgidenticalto thatusedby the centroid-

basectlassificatioralgorithm),we usedk = 10.

4.1 Document Collections

Data Source # of doc | # of class| minclasssize | maxclasssize | avg classsize | # of words
westl WestGroup 500 10 39 73 50.0 977
west2 WestGroup 300 10 18 45 30.0 1078
west3 WestGroup 245 10 17 34 245 1035
oh0 OHSUMED-233445 1003 10 51 194 100.3 3182
oh5 OHSUMED-233445 918 10 59 149 91.8 3012
oh1l0 | OHSUMED-233445 1050 10 52 165 105.0 3238
ohl5 | OHSUMED-233445 913 10 53 157 91.3 3100
ohscal| OHSUMED-233445| 11162 10 709 1621 1116.2 11465
re0 Reuters-21578 1504 13 11 608 115.7 2886
rel Reuters-21578 1657 25 10 371 66.3 3758
tr1l TREC 414 9 6 132 46.0 6429
tr12 TREC 313 8 9 93 39.1 5804
tr21 TREC 336 6 4 231 56.0 7902
tr23 TREC 204 6 6 91 34.0 5832
tr31 TREC 927 7 2 352 132.4 10128
tr4l TREC 878 10 9 243 87.8 7454
tr45 TREC 690 10 14 160 69.0 8261
lal TREC 3204 6 273 943 534.0 31472
la2 TREC 3075 6 248 905 512.5 31472
lal2 TREC 6279 6 521 1848 1046.5 31472
fbis TREC 2463 17 38 506 144.9 2000
new3 TREC 9558 44 104 696 217.2 83487
wap WebACE 1560 20 5 341 78.0 8460

Table 1: Summary of data sets used.

Thecharacteristicef thevariousdocumentollectionsusedn ourexperimentaresummarizedh Tablel. Thefirst
threedatasetsarefrom the statutorycollectionsof the legal documenpublishingdivision of WestGroupdescribed
in [8]. Datasetstrll, trl12, tr21, tr23, tr31, tr41r45, andnew3 arederived from TREC-5[45], TREC-6[45], and
TREC-7[45] collections.Datasetfbis is from the ForeignBroadcastnformationServicedata of TREC-5[45]. Data
setslal, la2, andlal2 arefrom the Los AngelesTimesdata ofTREC-5[45]. The classe®f thevarioustrXX, new3,
andfbis datasetsweregeneratedrom the relevancejudgmentprovidedin thesecollections. The classlabelsof lal,
la2, andlal2 weregeneratedccordingto the nameof the news-papersectionsthat thesearticlesappearedsuchas
“Entertainment”,'Financial”, “Foreign”,“Metro”, “National”, and“Sports”. Datasetsre0 andrel arefrom Reuters-
21578text categorizationtestcollectionDistribution 1.0[30]. We dividedthelabelsinto 2 setsandconstructediata
setsaccordingly For eachdataset,we selectedlocumentghat have asinglelabel. Datasetsoh0, oh5,0h10,0h15
andohscalarefrom OHSUMED collection[20] subseiof MEDLINE databasewhich contains233,445documents
indexed using14,321uniquecatagories.We took differentsubset®f catgyoriesto constructhesedatasets.Dataset
wapis from the WebACE project(WAP) [37, 18, 3, 4]. Eachdocumentorrespond# awebpagelistedin thesubject
hierarchyof Yahoo![51]. For all datasetswe useda stop-listto remose commorwords,andthewordswerestemmed
usingPorters sufiix-strippingalgorithm[38].



4.2 Classification Performance

The classificatioraccurag of the variousalgorithmson the differentdatasetsin our experimentatestbedareshavn

in Table2. Theseresultscorrespondo the averageclassificationaccuracie®f 10 experiments.In eachexperiment
80%of thedocumentsvererandomlyselectedasthetrainingset,andtheremaining20%asthetestset. Thefirst three
columnsof thistable,shav theresultsfor the nave BayesianC4.5,andk-nearesheighborschemeswhereaghelast
columnshaws theresultsachievzed by the centroid-basedlassificatioralgorithm(denotedas“Cntr” in thetable). For

eachoneof the datasets,we useda boldfacefont to highlight the algorithmthat achieved the highestclassification
accurag.

NB | C4.5| kNN | Cntr
westl | 86.7 | 85.5| 82.9| 875
west2 | 76.5| 75.3| 77.2| 79.0
west3 | 75.1| 73.5| 76.1| 816
oh0 89.1| 82.8| 84.4| 893
oh5 87.1| 79.6| 85.6| 88.2
ohl10 | 81.2| 73.1| 77.5| 853
ohl5 | 84.0| 75.2| 81.7| 874
re0 811 | 75.8| 77.9| 79.8
rel 805 | 77.9| 78.9| 80.4
trll 85.3| 78.2| 85.3| 882
trl2 79.8 | 79.2| 85.7| 90.3
tr21 50.6 | 81.3| 89.2| 916
tr23 69.3| 90.7 | 81.7| 85.2
tr31 94.1| 93.3| 93.9| 949
tr4l 945 | 89.6| 93.5| 957
tr45 84.7| 91.3| 91.1| 929
lal 876 | 75.2| 82.7| 87.4
la2 899 | 77.3| 84.1| 88.4
lal12 89.2 | 79.4| 85.2| 89.1
fbis 779 | 73.6| 78.0| 80.1
wap 80.6 | 68.1| 75.1| 813
ohscal| 74.6 | 71.5| 625| 754
new3 | 744 | 735| 67.9| 79.7

Table 2: The classification accuracy achieved by the different classification algorithms.

Looking attheresultsof Table2, we canseethatnaive Bayesiamoutperformshe otherschemesn five out of the
23 datasets,C4.5 doesbetterin one,the centroid-basedchemedoesbetterin 17, whereaghe k-nearest-neighbor
algorithmnever outperformghe otherschemes.

A moreaccuratecomparisorof the differentschemeganbe obtainedby looking at whatextendthe performance
of a particularschemes statisticallydifferentfrom that of anotherscheme.We usedtwo differentstatisticaltests
to comparethe accuray resultsobtainedby the differentclassifiers.Thefirst testis basedon the resamplegairedt
test[13], andthesecondestis basednthesigntest[44]. A brief descriptiorof theseestss presenteih AppendixA.

The statisticalsignificanceresultsusingthe resamplegairedt testare summarizedn Table 3, in which for each
pair of classificationalgorithms,it shavs the numberof datasets thaione performsstatistically better worse, or
similarly thanthe other Lookingatthistable,we canseethatthe centroid-basedchemeomparedo naive Bayesian,
doesbetterin ten datasets,worsein one dataset, andthey are statisticallysimilar in twelve datasets. Similarly,
comparedo kNN, it doesbetterin twenty, andit is statisticallysimilar in threedatasets.Finally, comparedo C4.5,
the centroid-basedchemedoesbetterin eighteenworsein one,andstatisticallysimilarin four datasets.

The statisticalsignificanceresultsusingthe signtestaresummarizedn Table4, in which for eachpair of classifi-



NB kNN C4.5

Cntr | 10/1/12 | 20/0/3 | 18/1/4
NB 12/4/7 | 15/3/5
kNN 13/3/7

Table 3: Statistical comparison of different classification algorithms using the resampled paired t test. The entries in the table
show the number of data sets that the classifier in the row performs better, worse or similarly than the classifier in the column.

cationalgorithms,it shavsthe z value. The z valuewas computedbasedon the averageclassificatioraccurag of 10
trials. A z valuegreatetthan1.96,indicatesthatthe classifierof therow is statisticallybetterthanthe classifierof the
column. Looking at this table,we canseethatthe centroid-basedchemealoesbetterthannaive BayesiankNN, and
C4.5. Naive BayesiandoesbetterthanC4.5, but doessimilarly with respecto kNN. Finally, kNN doesbetterthan
C4.5.

NB | kNN | C4.5
Cntr | 2.71| 4.80 | 4.38
NB 146 | 3.54
kNN 271

Table 4: Statistical comparison of different classification algorithms using the sign test. The values in the table are z values and
value greater than 1.96 shows that the classifier of the row is statistically better than the classifier of the column.

Fromtheseresults,we canseethatthe simple centroid-basedlassificationalgorithmoutperformsall remaining
schemeswith naive Bayesianbeingsecond k-nearest-neighbdreingthird, and C4.5 beingthe last. Note thatthe
relative rankingsamongNB, kNN, andC4.5,agreedo similar resultsreportedn previousworks|[5, 55, 53, 19].

5 Analysis

The surprisinglygoodperformancedf the centroid-basedlassificationschemesuggestshatit employs a soundun-
derlyingclassificatiormodel. The goalof this sectionis to understandhis classificatiormodelandcomparet against
thoseusedby otherschemes.

In orderto understandhis modelwe needto understandhe formula usedto determinethe similarity betweena
documenk, andthecentroidvectorC of aparticularclass(EquatiorB), asthis computatioris essentiain determining
the classof x (Equation9). From Equation8, we seethatthe similarity (i.e., cosine)oetweerx and C is theratio of
the dot-producbetweerk and C dividedby thelengthof C. If Sis thesetof documentsisedto createC, thenfrom
Equation6, we have that:

- 1 - 1 -1 -
X-C=X-=)>)d|]=—=) X-d=-—=) cogX,d).

(Islé ) ISIZ ISIZ

Thatis, the dot-products the averagesimilarity (asmeasuredy the cosinefunction) betweerthe nev documentix
andall otherdocumentsn the set. The meaningof the lengthof the centroidvectorcanalsobe easilyunderstood

usingthefactthat||C|l> = v/C - C. Then,from Equation6 we have that:

112 =VE € = (l—;Z&)(%Z&): Sy Y dd= |5 X Y cosd b (0)
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Hence thelengthof the centroidvectoris the square-roobf the averagepairwisesimilarity betweerthe documents
thatsupporthecentroid.Therearetwo thingsto benoted abouthis formula;first, this averagesimilarity alsoincludes
the self-similarity betweerthe documentsn the supportingset; secondbecausell the documenthiase beenscaled
to be of unit length,the lengthof the centroidvectorwill alwaysbelessor equalto one. In summarythe similarity
betweena testdocumentand the centroidvectorof a particularclass,is nothingmore thanthe averagesimilarity
betweenthe testdocumentandall the documentsn that class,divided by the square-roobf the averagesimilarity
betweerthedocumentsn the classitself. (An alternatederivationof theabove formulasis presentedh [9].)

The above discussionprovides us with a qualitative understandingn hav the centroidschemedetermineshe
similarity betweera testdocumentinda particularclass.Essentiallyit computeghe averagesimilarity betweerthe
testdocumentindall the otherdocumentsn thatclass,andthenit amplifiesthatsimilarity, basedon howv similar to
eachotherarethe documentf thatclass. If the averagepairwisesimilarity betweernthe documentf the classis
small(i.e., theclassis loosg, thenthatamplificationis higher whereasf the averagepairwisesimilarity is high (i.e.,
theclassis tight), thenthis amplificationis smaller

To betterunderstandhis classificatiormodelconsidethefollowing simplebinaryclassificatioralgorithm thatwe
will refertoit as?. Let A andB bethetwo classeslet Sy bethe averagesimilarity betweertheitemsin A, Sg be
theaveragesimilarity betweertheitemsin B, andlet Sa g bethe averagesimilarity betweerall theitems(a, b) such
thata € A, andb € B. Now consideratestitem x, andlet S, a, and S, g bethe averagesimilaritiesbetweernx and
all theitemsin A and B, respectiely. This settingis illustratedin Figurel. In this classifier x will be classifiedas
either A or B basedn haw closelyits behaior matcheghebehaior of theitemsin classA andtheitemsin classB,
asmeasuredby their averagesimilarities.

Figure 1: A simple binary classifier.

Thisbehaior canbemodeledy lookingattheratios Sa/Sa g andSg/Sa, g, andcomparinghemagainstheratios
Sc.a/S.s andS, g/Sk a. Thefirstof theseratios(Sa/Sa g) measuresiov muchstronger is the internalsimilarity
betweentemsbelongingo classA relative to their similarity to itemsbelongingo classB. Similarly, thesecondatio
(Sg/Sa.B) measurebow muchstrongeiis theinternalsimilarity betweeritemsbelongingto classB relative to their
similarity to itemsbelongingto classA. Finally, thelasttwo ratios,measurédnow muchstrongeis the similarity of x
to theitemsin A comparedo theitemsin B, andvice-versa.Given theabove ratios,thenthe classficationalgorithm
‘H will assignx to classA iff,

S_<,A/_S<,B . S_(,B/_S(,A7 (11)
Sa/Sa B S8/Sa.B
otherwiseit will assignin to classB. Essentially{ compareshe strengthof the similarity of x to classA relative to
the strengthof the similarity of itemsalreadyin A (left sideof theinequality),againsthe strengthof the similarity of
X to classB relative to the strengthof the similarity of itemsalreadyin B (right sideof the inequality),andassigns«
to theclassfor which therelative strengthis higher Performingsomesimplealgebraiamanipulationsn Equationl1,



andcancelingoutthe Sa g termsthatappeaon bothsideof theinequalitywe have that:

_ _ _ _ 22 - _ _

S_<,A/_S<,B > S_<,B/_S<,A N %_(,A . S_(,B N S<,_A > S(,_B.

Sa/Sa.B S8/Sa.B Sa Ss vVSh Vs

We canextend? to problemswith morethantwo classesby usingatournamenmethod andthusassigningx to the
classfor which S@i /\/§j is thehighestamongall classey .

Now, from the earlierdiscussionwe know thatin the casein which the dataitemsin the above problemareunit-

lengthdocumentvectors,andthe similarity is computedusingthe cosinemeasurethenfrom Equation12 we have
that#H will assignx to classA, iff

(12)

cogX, Ca) > cogX, Cp),

otherwisex will be assignedo classB; where Ca andCg arethe centroidvectorsof classA and B, respectiely.

Thus, the classficationmodelusedby the centroid-basedocumentlassfier is identicalto thatusedby #, thatis,

it assighsa new documentx to the classwhosedocumentdettermatchthe behaior of x, as measuredy average
documensimilarities.

5.1 Comparison With Other Classifiers

Oneof theadwantage®f the centroid-basedchemas thatit summarizeshecharacteristicef eachclass,in theform
of thecentroidvector A similar summarizationis alsoperformedoy naive Bayesianin theform of theperclassterm-
probability distribution functions. Two examplesof suchcentroidvectorsfor two differentcollectionsof documents
areshavn in Table5 (thesecollectionsaredescribedn Section4.1). For eachof thesevectors,Table5 shaws their
tenhighestweightterms. The numberthatprecedegachtermin this tableis the weight of thattermin the centroid
vector Also notethatthetermsshownn in this tablearenot theactualwords,but their stems.

Theadwantageof the summarizatiorperformedby the centroidvectorsis thatit combinesmultiple prevalentfea-
turestogethey even if thesefeaturesare not simultaneouslyresenin a singledocument.Thatis, if we look at the
prominentdimensionf the centroidvector (i.e., highestweightterms),thesewill correspondo termsthatappear
frequentlyin the documentsf the class,but not necessarilyall in the samesetof documents.This is particularly
importantfor highdimensionatiatasetsfor whichthe coverageof ary individualfeatureis oftenquitelow. Moreover,
in the caseof documentsthis summarizatiorhasthe additionalbendit of addressingssuesrelatedto synoryms, as
commonlyusedsynorymswill berepresenteth the centroidvector The centroidsvectorsshovn in Table5 contain
varioussuchinstancesFor example thetenthcentroidof wapcontainsynorymtermslikealbumandrecou, thethird
centroidof new3 containssynorymslik e japanandjapanesetc. For thesereasonsthe centroid-basedlassfication
algorithm(aswell asnaive Bayesian}endto performbetterthanthe C4.5andthe k-nearesneighborclassfication
algorithms.

The betterperformancef the centroid-basedchemeover the nave Bayesiarclassfier is dueto the methodused
to computethe similarity betweeratestdocumentinda class.In the caseof naive Bayesianthis is doneusingBayes
rule, assuminghatwhenconditionedon eachclass,the occurrencef the differenttermsis independentHowever,
thisis far from beingtruein realdocumentollectiong27]. Oneway of understandinthedependencbetweerterms
is to look at the degreeat which varioustermsco-occurin the document®of a particularclass. If the degreeof term
co-occurrences high, thenthesetermsarepositively dependentasthe probability of seeingoneof the co-occurring
termsis high providedthatwe have seenoneof the otherco-occurringterms. As the degreeof term co-occurrence
decreaseshe positive dependencalsodecreasesndaftera certainpointit gives riseto negative dependencamong
theterms. In this case the conditionalprobability of seeinga certaintermis high provided that we have not seen
someotherterms. The existenceof suchpositive andnegative dependencbetweertermsof a particularclasscauses
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naive Bayesiarnto computea distortedestimateof the probabilitythata particulardocumenbelongsto thatclass. If

thereis positive dependencketweerthetermsin theclass thentheprobabilityestimatewill behigherthanit actually
is, whereadf theseis negative dependenceetweenthe terms,thenthe probability estimatewill be smallerthanit

actuallyis. Unfortunatelynaive Bayesiarhasnoway by whichto accountor suchtermdependencgndmuchmore
complicatectlassfierssuchasBayesiarNetworksneedto be used[16].

On the otherhand,the similarity function usedby the centroid-basedchemedoesaccountfor term dependence
within eachclass.Fromthe discussiorin Section5, we know thatthe similarity of a new documenix to a particular
classis computedasthe ratio of two quantities. The firstis the averagesimilarity of x to all the documentsn the
class,andthe seconds the square-roobf the averagesimilarity of the documentswithin the class.To a large extent,
thefirst quantityis very similar, in characterto the probability estimateusedby the nave Bayesiaralgorithm,and
it suffersfrom similar over- andunderestimationproblemsin the caseof termdependenceAs in the caseof naive
Bayesianif theclasscontaingermsthatarepositively dependenthenthe averagesimilarity of x to thedocumentsn
theclasswill behigh,asit will tendto matchmostof theco-occurringerms.Similarly, if theclasscontainmegatively
dependenterms,thenthe averagesimilarity of x to thedocumentsn theclasswill besmallasit will beunnecessarily
penalizedor not matchingthe negatively dependenterms.

However, the secondjuantityof the similarity function, (i.e., the square-roobf the averagesimilarity of the doc-
umentswithin the class)doesaccountfor termdependeng This averagesimilarity depend®n the degreeat which
termsco-occurin the differentdocuments.in generalf the averagesimilarity betweerthe documentof a classis
high, thenthe documenthave ahigh degreeof termco-occurrencésincethe similarity betweera pair of documents
computedoy the cosinefunction,is high whenthe documentdave similar setof terms). On the otherhand,asthe
averagesimilarity betweerthe documentslecreaseghe degreeof term co-occurrencalsodecreasesSincethis av-
erageinternalsimilarity is usedto amplify the similarity betweenra testdocumentndthe class,this amplificationis
minimalwhenthereis alarge dgreeof positve dependencamongthetermsin theclass,andincreaseasthepositive
dependencédecreasesConsequentlythis amplificationactsasa correctionparameteto accountfor the over- and
underestimationof the similarity thatis computedby the first quantityin the document-to-centroidimilarity func-
tion. We believe thatthis featureof the centroid-basedlassficationschemas thereasorthatit outperformghe nave
Bayesiarclassfierin theexperimentshavn in Sectiord.

This performancedifferencecan be understoodn real documentdatasets. For example,a set of documents
containingClinton-Lewinsky storieswill be a more cohesie cateyory than a set of documentscontainingsports
storiessuchasbaseballfootball, basletball,andOlympics.In thefirst categgory, mostof thedocumentgontainwords
Clinton andLewinsky andhencethesewordsarefrequentlyco-occurringvords. A documentendsto belongto this
catgyory only if boththewordsClinton andLewinsky arein the document.On the otherhand,ary of sportsrelated
wordslik e baseball football, andbasletball appearingn a documentill putthedocumenin the seconccategory.
Given thesetwo categyories,considera news story containingPresidenClinton's reactionto the 1995major league
baseballabor disputebetweerplayersandowners. This story obviously containswords Clinton andbaseball The
naive Bayesiarclassfier caneasilymisclassifythis documenby assigningo thefirst cateyory, as the word Clinton
hasa high conditionalprobabilityin thefirst category andbaseballhasrelatively lower conditionalprobabilityin the
seconctateyory. However, the centroid-basedlassfier will mostlikely classifythis documentorrectly becaus¢he
similarity to thefirst categorywill beindirectly penalizedsincethe documentid notcontaintheterm Lewinsky.

6 Discussion & Concluding Remarks

In this papemwe focusedon a simplelineartime centroid-basedocumentlassficationalgorithm. Our experimental
evaluationhasshaowvn thatthe centroid-basedlassfier consistentlyandsubstantiallyoutperformsotherclassfierson
awide rangeof datasets.We have shavn thatthe power of this classfieris dueto thefunctionthatit useso compute
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the similarity betweena testdocumentandthe centroidvectorof the class. This similarity functioncanaccountfor
boththe term similarity betweenthe testdocument@andthe documentsn the class,aswell asfor the dependencies
betweerthetermspresentn thesedocuments.

Thereare mary waysto furtherimprove the performanceof this centroid-basedlassfication algorithm. First,
in its currentform it is not well suitedto handlemulti-modalclasses.However, supportfor multi-modality canbe
easilyincorporatedy usinga clusteringalgorithmto partitionthedocument®f eachclassinto multiple subsetseach
potentiallycorrespondingp adifferentmode[36], or usingsimilartechniqueso thoseusedby thegeneralizedhstance
set clasdier[25]. Secondtheclassficationperformanceanbefurtherimproved by usingtechniqueshatadjustthe
importanceof the differentfeaturesn a supervisedetting. A variety of suchtechniquesave been deelopedin the
context of k-nearest-neighbaslassfication[11, 24, 32, 48, 19, all of which canbe extendedto the centroid-based
classfier.
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A Measures of Statistical Significance

The Resampled t Test Oneway of measuringhe statisticaldifferencebetweerthe performancef two classfi-
cationalgorithmsis to usetheresamplegairedt test[13]. This testcompareghe performancef two classfication
algorithmsbasedon the resultsfrom n trials. In eachtrial, datasetis randomlydividedinto a trainingsetand anca
testset. The errorratesof algorithmsA and B onthetestsetarerecorded.Let pg) betheerrorrateof algorithm A

and pg) betheerrorrateof algorithmB duringtrial i . ThenStudentst testcanbe computediusingthe statistic:

___pvyn
[T p0—p2’
n—1

wherep® = p% — pd andp = 2 3" p@. Thisstatistichasat distributionwith n— 1 degreesof freedom For 10
trials usedin theexperimentgeportedn Sectiord.2,the null hypothesighattwo classfiersarenotdifferentin terms
of performanceanberejectedf |t| > tg 0975 = 2.262.

t=

The Signed Test Anotherstatisticaltestthatcanbe usedto compareifferentclassficationalgorithmis the sign
test[44]. Given n datasets et na bethenumberof datasets thatlassfier A doesbetterthanclassfier B in termsof
theclassficationaccurag. Thenwe have

na
H - P

~ N(0, 1)

o

xq
n

where p is the probabilitythat classfier A doesbetterthanclassfier B; andq = 1 — p. Underthe null hypothesis,
p=0.5,s0
z=-""—— ~ N(0,1)

We canrejectthe null hypothesighattwo classfiersarethe samein termsof performancéf |z| > Z 975 = 1.96.
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14| 0.56 earthquak 0.24 quake 0.22 insur 0.21 disast 0.15 california 0.15 volcano 0.14 dollar 0.12 reinsur 0.11 speaker 0.11 amend
15| 0.48 submarin 0.32 rosyth 0.26 trident 0.23 devonport  0.21 defenc 0.19 nuclear 0.18 dockyard 0.16 refit 0.15 vsel 0.14 missil
16| 0.44 pulp 0.41 paper 0.30 price 0.24 cent 0.22 mill 0.17 newsprint 0.13 compani 0.13 cdollar 0.12 profit 0.11 cost
17| 0.61 tax 0.29 pound 0.28 cent 0.22 vate 0.19 incom 0.18 rate 0.12 taxe 0.10 taxat 0.09 budget 0.09 uk
18| 0.44 drug 0.30 traffick 0.28 cocain 0.26 cartel 0.17 colombian 0.16 colombia 0.15 cali 0.14 polic 0.13 mafia 0.12 crime
19| 0.36 speci 0.25 whale 0.23 endang 0.23 wolve 0.22 wildlif 0.17 hyph 0.17 blank 0.16 mammal 0.15 marin 0.15 wolf
20| 0.30 rwanda 0.25 rebel 0.24 africa 0.17 kill 0.17 hutu 0.17 kigali 0.16 unita 0.16 tutsi 0.15 african 0.15 rwandan
21| 0.38 project 0.31 dam 0.24 hydroelectr 0.21 power 0.19 hyph 0.18 electr 0.15 gorge 0.15 hydropow 0.15 river 0.13 construct
22| 0.53 vw 0.36 lopez 0.29 gm 0.24 opel 0.21 volkswagen 0.21 piech 0.19 motor 0.14 espionag 0.12 german 0.10 compani
23| 0.14 hous 0.13 pound 0.13 properti 0.13 home 0.12 liv 0.12 house 0.12 retir 0.12 life 0.11 people 0.11 social
24| 0.35 fuel 0.32 energi 0.31 plutonium 0.27 nuclear 0.24 reactor 0.19 electr 0.17 power 0.14 coal 0.13 cell 0.13 japan
25| 0.54 women 0.23 parti 0.22 elect 0.21 labour 0.16 vote 0.16 parliam 0.15 candid 0.14 mp 0.12 seate 0.11 democr
26| 0.56 argentina 0.33 argentin 0.31 falkland 0.23 bueno 0.23 aire 0.17 tella 0.17 malvina 0.16 british 0.15 island 0.12 skyhawk
27| 0.59 bank 0.25 imf 0.23 world 0.15 lend 0.12 develop 0.11 loan 0.11 project 0.11 monetari 0.11 dollar 0.11 preston
28| 0.29 tax 0.23 helmslei 0.22 hunter 0.18 ir 0.18 evasion 0.17 fraud 0.15 dominelli 0.14 rose 0.13 guilti 0.12 feder
29| 0.39 polic 0.30 kill 0.23 policeman 0.21 offic 0.14 policemen 0.13 murder 0.13 milit 0.12 shot 0.11 bomb 0.11 asyut
30| 0.42 school 0.38 educ 0.38 curriculum 0.32 teacher 0.26 test 0.19 patten 0.19 pupil 0.13 teach 0.12 old 0.10 ron
31| 0.42 tunnel 0.29 rail 0.25 eurotunnel 0.22 channel 0.17 freight 0.16 ferri 0.15 kent 0.15 pound 0.13 br 0.12 railwai
32| 0.45 journalist 0.20 hostag 0.20 kong 0.19 hong 0.11 lebanon 0.11 arrest 0.11 kill 0.10 releas 0.10 china 0.10 polic
33| 0.32 spratli 0.31 vietnam 0.19 sea 0.19 island 0.18 territori 0.17 china 0.16 russian 0.15 vietnames 0.14 disput 0.14 oil
34| 0.64 drug 0.20 legal 0.16 greif 0.15 court 0.14 colombia 0.14 addict 0.13 de 0.11 traffick 0.11 bogota 0.11 decrimin
35| 0.24 boate 0.23 ship 0.19 piraci 0.18 vessel 0.16 kong 0.15 hong 0.14 pirat 0.14 hijack 0.14 sea 0.13 fish
36| 0.37 food 0.32 hyph 0.27 fda 0.25 label 0.18 blank 0.18 fsi 0.17 poultri 0.16 drug 0.15 cfr 0.15 addit
37| 0.38 nobel 0.36 prize 0.15 peace 0.11 soviet 0.11 award 0.11 gorbachev. 0.10 walesa 0.09 mandela 0.09 menchu 0.09 dalai
38| 0.34 drug 0.30 prozac 0.23 lilli 0.19 sale 0.18 pharmaceut 0.18 cent 0.17 patient 0.16 depress 0.13 merck 0.13 solvai

| 39| 0.36iraq 0.30 matrix 0.27 inquiri 0.27 churchill 0.25 scot 0.18 export 0.16 lord 0.16 defenc 0.12 tool 0.11 sir

40| 0.35 azt 0.34 drug 0.30 patient 0.27 amgen 0.27 aid 0.25 epo 0.16 hiv 0.15 wellcom 0.14 infect 0.13 diseas
41| 0.40 pharmaceut  0.34 drug 0.25 cent 0.24 compani 0.20 glaxo 0.19 research 0.17 pound 0.14 amp 0.14 sale 0.13 dollar
42| 0.47 tourism 0.45 tourist 0.27 visitor 0.17 hotel 0.16 cent 0.14 percent 0.09 cuba 0.09 increas 0.08 attract 0.08 million
43| 0.32 soviet 0.31 nato 0.26 cfe 0.21 europ 0.20 treati 0.18 tank 0.17 arm 0.16 convent 0.16 bush 0.15 gorbachev
44| 0.43 forest 0.41 amazon 0.26 brazil 0.18 mende 0.17 brazilian 0.16 environment 0.13 ecuador 0.12 deforest 0.12 rain 0.11 rio

Table 5: The ten highest weight terms in the centroids of two data sets.
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